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Abstract — Increasing agricultural productivity with economic and environmental sustainability is one of the 
main challenges in agriculture. The aerial survey platforms known as unmanned aerial vehicles (UAV), so- 
called drones, allow monitoring, evaluation, and decision support activities to improve the management of crops 
and herds in farms of any production scale. Vegetation indices are used to map the vegetation cover, mainly on a 
large scale, using satellite images. However, sensors coupled to UAV platforms provide other indices that can be 
used to detect the stress load of vegetation at more precise spatial scales. The Visible Atmospherically Resistant 
Index - VARI and the Green Leaf Index - GLI showed similar performances in the initial vegetative stages of 
corn crop. Both indices were sensitive to class discrimination at intewals that indicate from bare soil and low 
vigor (shades of red, orange, and yellow) to the condition of high vegetation vigor (shades of green). The results 
of vegetation indices in the visible spectrum range prove the applicability of the method for data collection and 
information extraction related to development and growth of crops. Overall, the indices VARI and GLI appear 
as a potential alternative for crop monitoring using low cost RGB sensors onboard UAV platforms. 
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I. INTRODUCTION 

In recent years, interest in automated techniques and 
procedures to monitor crop growth and development has 
grown greatly [1, 2, 3], It seems that the next agricultural 
revolution will be driven by intelligent use of data that 
can affect productivity growth and contribute to 
environmental sustainability. This will be achieved 
through the rational use of resources, especially in the 
field of food production and land use. In the agricultural 
sector, the great leap in robotics is becoming clearer, 
providing interesting and effective solutions for 
increasing productivity by means of crop monitoring [4], 

The use of unmanned aerial vehicles (UAVs) or 
drones in farms is becoming increasingly evident. The 
equipment has emerged from a military past and is 
currently assisting farmers in activities such as cargo 
transportation (fertilizers or pesticides), and both cattle 
and crop monitoring, hi relation to orbital platforms, 
UAVs stand out in the so-called smart farms, as they 
effectively generate data for information extraction from 
a close panoramic view of the fields, i.e., they allow to 
assess the crop status more accurately [5]. 


Crop monitoring with UAVs can assist the farmer in 
planning and decision making by paying attention to 
planting characteristics and soil and climate conditions. 
Productivity may vary due to sowing time, climate 
characteristics, management, soil heterogeneity [6], weed 
infestation [7, 8], water stress [9], stand failure [10], and 
diseases [3]. 

UAV platforms are lightweight, low-cost aircrafts 
operated from the ground and can carry sensors for 
imaging. The most common sensors are those that collect 
data in the visible range (RGB sensors). However, there is 
a variety of sensors, including those that capture 
information only in the near infrared and thermal band or 
the multispectral type that can extract information in 
different bands of the electromagnetic spectmm. RGB 
sensors have a good benefit-to-cost ratio, that is, they 
allow the generation of spectral indices in the visible 
range and also allow to extract, from the geoprocessing 
software, other products such as digital terrain model 
(MDT), 3D model, orthomosaic images model, volume 
estimation, and accurate contours. 

The advances achieved in recent years have created 
numerous possibilities of use, showing the importance of 
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the technology for managing the resources used in the 
field. Therefore, the present study aimed to test the UAV 
platform coupled to a RGB sensor for monitoring a com 
crop at different growth stages. 

II. MATERIAL AND METHODS 

The experimental area is located in the municipality of 
Coronel Pacheco-MG, at the Jose Henrique Bruschi 
Experimental Field (CEJHB) belonging to Embrapa Dairy 
Cattle (Figure 1). In this area, Fluvic Neosol (terrace) 
predominates, with flat relief and varied texture, which 
are typical of colluvial-alluvial floodplains. The relief 
forms of the municipality of Coronel Pacheco, MG, 
consist of 10% flat area, another 10% mountainous, and 
80% undulating. The maximum and minimum altitudes 
are 1,070 m and 409 m, respectively. The municipal 
headquarters is at 484 m of altitude. The altitude of the 
com planting area is around the minimum of the 
municipality (Figure 1). 

The climate of the region is Aw, i.e., tropical with dry 
winter, according to the Koppen-Geiger classification. 
Based on the climatological normals of the National 
Institute of Meteorology (INMET) for the period 1981 to 
2010, the average annual air temperature is 21.4°C and 
the average annual precipitation volume is 1620.6 mm 
The months of July (12.6 mm) and January (355.1 mm) 
have the lowest and highest rainfall, respectively. 

Com (hybrid RB 9308 VTPRO - Riber KWS) was 
sown on April 7, 2018. Planting was carried out at 
spacing of 80 cm between rows and 4.6 seeds per meter to 
establish a stand of 57.5 thousand plants per hectare, 
totaling about 310,000 seeds in the area of 5.39 hectares. 


Jose Henrique Bruschi Experimental Field 



Fig. 1: Location of the study area in the Jose Henrique 
Bruschi Experimental Field (CEJHB), Embrapa Dairy 
Cattle, municipality of Coronel Pacheco, MG. 


The aerial survey activities were carried out on April 
26, 2018 and May 24, 2018. A rotary-wing UAV Inspire 
1 Pro Quadcopter (Figure 2), with exchangeable cameras 
[from RGB (Red, Qeen, Blue) to multispectral sensors]. 
A RGB DJI Zenmuze X5 camera was used for imaging in 
the visible range. The high precision RGB sensors 
allowed the evaluation of the planting conditions through 
the procedures for quantitative measurement of vegetation 
and the qualitative evaluations through vegetation indices 
operating in the visible range of the electromagnetic 
spectrum. 



Fig. 2: UAV Inspire 1 Pro flying over cultivated corn 
crop field. Photo: Marcos La Falce. 

Flight plans were created following a standard 
technical compliance so that the survey results or 
products could be compared on a similar basis, equalizing 
variables such as flight height, ground sample distance 
(GSD), sensor calibration, percentage of image overlap, 
wind speed, brightness, shadow placement, time of day, 
angle of view, sun positioning, etc. 

The flight plan parameters were set as follows: (i) 90 
m flight height; GSD of 2.27 cm; maximum speed 15 m/s, 
flight time 9.5 minutes on battery use; images had 75% 
frontal overlap and 85% side overlap. Based on this flight 
plan configuration, 7 flight lines and 146 images were 
required to cover the entire area and subsequently 
generate the orthomosaic model using software Pix4D 
Mapper Pro 4.125. 

Crop vigor, invasive plants, stand failures, and yield 
were analyzed using the selected vegetation indices 
according to characteristics and applicability of the 
visible spectrumRed-Gfreen-Blue (RGB) bands. 

Vegetation indices are widely used in studies to 
identify vegetation stress. These indices may thusassistin 
classifying targets, for example, separating normal 
developing vegetation from planting areas affected by 
pest, diseases, plant nutrient deficiencies, soil nutrient 
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deficiencies, damage caused by wildlife such as 
capybaras (Hydrochoerus hydrochaeris), and others [5]. 

In the present study, we used the indices VARI 
(Visible Atmospherically Resistant Index [11]) and GU 
(Green Leaf Index [12]) to indicate stress load of 
vegetation. VARI was developed to reduce possible 
influences of atmospheric effects by subtracting the blue 
channel band in the denominator of Equation 1. GU 
(Equation 2) has been applied to distinguish 
photosynthetically active vegetation from dry vegetation 
with bare soil. 


VARI = 


Pc reen PRed 


P'Green Pr 


■Pb 


GLI 


(2 P'Green pRed PBlue) 

Pc reen + PRed + PBlue ) 


( 1 ) 

( 2 ) 


Where PGreen ’ PRed and PBlue are the spectral bands 
for the green, red, and blue channels, respectively. 

III. RESULTS AND DISCUSSION 

The vegetation indices showed the vegetation health 
and status of the plants at the imaging dates. The results 
on imaging using RGB cameras onboard the UAV 
platform are presented in this section. Each class interval 
defined for the vegetation indices had the area (ha) and 
the percentage (%) of cover estimated in relation to the 
total planting area. 

As Table 1 shows, the VARI index had intervals of 
negative values in most of the area (~ 90%). The GU 
index had only one class interval with negative values, 
however, it covered 1.38 ha or 25.58% of the total area. 
These results indicate little vegetation cover or wide bare 
soil area. On April 26, 2018, the com crop was at 19 days 
after sowing, that is, between the second leaf (V2) and 
fourth leaf (V4) phenological stages. Subdivisions of the 
vegetative stages are designated as VI through Vn, where 
n represents the stage with the last fully expanded leaf 
before Vt (tasseling) [13]. 

Figure 3A shows the mosaic of RGB images (visible 
bands). Areas with bare soil predominate. Com planting 
rows start to appear in small areas on the north and south 
edges. The central region concentrates most of the 
negative values of class intervals for the VARI and GU 
indices, with the yellow, orange, and red classes in the 
VARI index (Figure 3B) and the orange and red classes in 
the GU index (Figure 3C). The indices indicate the 
nonuniformity of crop development from the early 
vegetative stages. In this case, it may have been 


influenced by water variability or the chemical and 
physical constituents of the soil. Soil analyses may clarify 
this issue. 

Vegetation indices can assist in identifying areas of 
the crop with normal development or with some 
deficiency. According to Hunt Jr. et al. [12], vegetation 
indices have fundamental application in the extraction of 
information from remote sensing data; however, these 
methods can mitigate, but not eliminate, the effects of 
soils, topography, and view angle. 

Table 1. Class intervals of vegetation indices VARI 
(Visible Atmospherically Resistant Index) and GLI ( Green 
Leaf Index) with respective areas, as percentage, for the 
aerial survey on April 26, 2018 


Class 

Vegetation indices 

VARI 

GU 

Class 

intervals 

•G 

03 

< 

Percentage 

Class 

intervals 

-G 

1 

Percentage 

■ 

0.02 

to 

0.53 

0.08 

1.56 

0.10 

to 

0.48 

0.04 

0.66 

■ 

-0.05 

to 

0.01 

0.60 

11.09 

0.04 

to 

0.09 

0.21 

3.84 

■ 

-0.09 

to 

-0.06 

2.14 

39.41 

0.02 

to 

0.03 

1.12 

20.66 

■ 

-0.12 

to 

-0.10 

1.96 

36.18 

0.00 

to 

0.01 

2.67 

49.26 

■ 

-0.62 

to 

-0.13 

0.64 

11.75 

-0.27 

to 

-0.01 

1.38 

25.58 


The VARI and GU vegetation indices calculated for 
the aerial survey carried out on 24/05/2018 showed 
positive class intervals in more than 85% of the planting 
area (Table 2). Of the total area (5.39 ha), only 13.13% 
(0.72 ha) and 14.78% (0.78 ha) were classified with 
negative intervals using the VARI and GU indices, 
respectively. 
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Fig. 3: RGB mosaic image (A) and class inten’al ranges 
for the vegetation indices VAR1 (B) and GL1 (C), on April 
26, 2018. 

Table 2. Class intervals of vegetation indices VARI 
( Visible Atmospherically Resistant Index) and GL1 (Green 
Leaf Index) with respective areas, as percentage, for the 
aerial survey on May 24, 2018 



As can be seen in Figure 4A, the com canopy has 
completely closed (47 days after sowing, between stages 
V8 and V9). However, stand failures are visible, 
especially in the middle of the area. Comparing the VARI 
(Figure 4B) and GLI (Figure 4C) maps clearly shows that 
GLI is more sensitive to green vegetation, which can be 
explained by the index formula, as the green spectral band 
has weight 2 relative to the blue and red bands. Thus, 
positive GLI values represent both green leaf and green 
stem characteristics. 



Fig. 4: RGB mosaic image (A) and class inten’al ranges 
for the vegetation indices VARI (B) and GLI (C), on May 
24, 2018. 

IV. CONCLUSION 

The vegetation indices VARI and GLI showed similar 
performance in the initial vegetative stages of the com 
crop. The indices were sensitive to class discrimination at 
intervals that indicate from bare soil and low vigor 
(shades of red, orange, and yellow) to the condition of 
high vegetation vigor (shades of green). Overall, the 
indices VARI and GLI appear as a potential alternative 
for crop monitoring using low cost RGB sensors onboard 
UAV platforms. 
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